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In recent years, many studies have been conducted to deal with automatic construction of domain-ori-
ented sentiment lexicon. However, most of the attempts rely on only the relationship between sentiment
words, failing to uncover the mutual relationship between the words and the documents, as well as
ignoring the useful knowledge of some existed domains (or ‘‘old domain’’). This paper proposes a random
walk algorithm to construct domain-oriented sentiment lexicon by simultaneously utilizing sentiment
words and documents from both old domain and target domain (or ‘‘new domain’’). The approach sim-
ulates a random walk on the graphs that reflect four kinds of relationships (the relationship between
words, the relationship from words to documents, the relationship between documents, the relationship
from documents to words) between documents and words. Experimental results indicate that the pro-
posed algorithm could dramatically improve the performance of automatic construction of domain-ori-
ented sentiment lexicon.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Sentiment classification (Tan, Cheng, Wang, & Xu, 2009; Tan,
Wu, Tang, & Cheng, 2007; Tan & Zhang, 2008; Tang, Tan, & Cheng,
2009; Wu et al., 2009) is the process of identifying the opinion (e.g.
negative or positive) of a given document. With the increasing
reviewing pages and blogs etc., this field has received considerable
attention from researchers in recent years and has many important
applications, such as determining critics’ opinions about a given
product and summarization (e.g. Ku, Liang, & Chen, 2006).

To date, a variety of methods have been developed for senti-
ment classification. One of the commonly-used methods is to build
a sentiment lexicon. However, it is an impossible task to build a
general sentiment lexicon that could perform well in every do-
main. This is because sentiment expression often behaves with
strong domain-specific nature. For example, ‘‘portable’’ and ‘‘deli-
cate’’ are used to express positive sentiment in electronics reviews;
while these words are hardly used to convey the same sentiment in
hotel reviews. Consequently, the domain-oriented sentiment lexi-
con is considered as the most valuable resource for sentiment clas-
sification tasks.

In recent years, two kinds of approaches have been proposed to
deal with this problem: one is based on a thesaurus (Esuli &
Sebastiani, 2005; Hu & Liu, 2004; Kamps, Marx, Mokken, & Rijke,
ll rights reserved.
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2004; Kim & Hovy, 2004); the other one is based on co-occurrence
in a corpus (Du, Tan, Cheng, & Yun, 2010; Gamon & Aue, 2005;
Hatzivassiloglous & McKeown, 1997; Kanayama & Nasukawa,
2006; Popescu & Etzioni, 2005; Turney, 2002). However, these
kinds of approaches rely on only the labeled seed words to con-
struct a domain-oriented sentiment lexicon, failing to uncover
the mutual relationship between the words and the documents;
besides, these kinds of approaches ignore the labeled lexicon and
labeled corpus in one existed domain (or ‘‘old domain’’).

In fact, the polarity of a sentiment word can be determined by
the related documents as well as by the related words, and this
rule also holds when determining the polarity of a document. This
rule is based on the following intuitive observations:

(1) A word strongly linked with other positive (negative) words
could be considered as positive (negative); in the same way,
a document strongly linked with other positive (negative)
documents could be considered as positive (negative).

(2) A word appearing in many positive (negative) documents
could be considered as positive (negative); similarly, a doc-
ument containing many positive (negative) words could be
considered as positive (negative).

Furthermore, labeled data in different domains are very imbal-
anced. In some traditional domains or domains of concern, many
labeled data are freely available on the Web, but in other domains,
labeled data are scarce and it involves much human labor to man-
ually label reliable data. As a result, the ideal scheme is to utilize
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labeled data in old domain to assist the construction of the do-
main-oriented lexicon for new domain.

Inspired by these, we aim to take into account all the four kinds
of relationships among words and documents (i.e. the relationship
between words, the relationship from words to documents, the
relationship between documents, and the relationship from docu-
ments to words), from old domain as well as from new domain,
when constructing a domain-oriented sentiment lexicon.

In this work, we propose an approach based on random walk to
implement the above idea. The proposed approach makes full use
of all the relationships among words and documents from both old
domain and new domain. The detailed procedure can be divided
into four steps: Firstly, four graphs are built to reflect the above
relationships respectively. Then, we assign a score for every word
to denote its extent to ‘‘negative’’ or ‘‘positive’’. Thirdly, we itera-
tively calculate the score by simulating a random walk on the
graphs. Lastly, the final score is achieved when the algorithm con-
verges, so we can determine the semantic orientation of new-do-
main words based on these scores.

The rest of this paper is organized as follows. Section 2 surveys
related work. In Section 3, we introduce the proposed approach in
detail. And then Section 4 presents and discusses the experimental
results. Lastly we conclude this paper and discuss future work in
Section 5.

2. Related work

So far, some studies have been conducted to deal with the lex-
icon construction problem. Most of these utilize some paradigm
words and word similarity to construct lexicon. According to the
manner of obtaining word similarity, these methods could roughly
be classified into two categories: the first kind of approaches is
based on the thesaurus; the second kind is based on the corpus.

2.1. Thesaurus based approach

Thesaurus based approach utilizes synonyms or glosses of a
thesaurus to determine polarities of words.

Kim and Hovy (2004) used the synonym and antonym lists ob-
tained from Wordnet to compute the probability of a word given a
sentiment class (i.e. positive or negative). Kamps et al. (2004) made
a hypothesis that synonyms have the same polarity. And they
linked synonyms provided by a thesaurus to build a lexical net-
work, so the word polarity can be determined by the distance from
seed words (‘‘good’’ and ‘‘bad’’) in the network. Hu and Liu (2004)
extended the method in Kamps et al. (2004), and they used not
only synonyms but also antonyms to build lexical network. Esuli
and Sebastiani (2005) determined the orientation of subjective
terms based on the quantitative analysis of the glosses of subjec-
tive terms, i.e. the definitions that these terms were given in on-
line dictionaries.

2.2. Corpus based approach

Corpus based approach is based on an idea that sentiment
words conveying the same polarity co-occur with each other in
corpus. Many studies have been done on this field.

Hatzivassiloglous and McKeown (1997) constructed a lexical
network from intra-sentential co-occurrence, and identified the
positive or negative semantic orientation of the conjoined adjec-
tives. Turney (2002) determined the semantic orientation of a
phrase by the mutual information between the given phrase and
the word ‘‘excellent’’ minus the mutual information between the
given phrase and the word ‘‘poor’’. The mutual information was
measured by the number of hits returned by a search engine.
Gamon and Aue (2005) extended Turney’s approach, and they
added one assumption that sentiment words of opposite orienta-
tion tended not to co-occur at the sentence level. Popescu and Etzi-
oni (2005) used a relaxation labeling method to find the semantic
orientation of words in the context of given product features and
sentences. They iteratively assigned semantic orientation labels
to words by using various features including intra-sentential co-
occurrence and synonyms of a thesaurus. Kanayama and Nasuka-
wa (2006) used both inter-sentential and intra-sentential co-
occurrence to get polarities of words and phrases.

However, most of the existed studies rely on only the relation-
ship between words either in a thesaurus (Esuli & Sebastiani, 2005;
Hu & Liu, 2004; Kamps et al., 2004; Kim & Hovy, 2004) or in a cor-
pus (Gamon & Aue, 2005; Hatzivassiloglous & McKeown, 1997;
Kanayama & Nasukawa, 2006; Popescu & Etzioni, 2005; Turney,
2002), while ignoring other relationships between words and doc-
uments (e.g., the relationship from words to documents, and the
relationship from documents to words, the relationship between
documents and documents), as well as the existed old-domain
knowledge.

In order to uncover all these knowledge, in this paper, we de-
sign a novel algorithm to construct a domain sentiment lexicon.
This algorithm is based on random walk model by taking into ac-
count all kinds of relationships among documents and words, from
both old domain and new domain.

3. Proposed methods

3.1. Overview

A random walk model assumes that, from one period to the
next, the original time series merely takes a random ‘‘step’’ away
from its last recorded position (http://www.duke.edu/�rnau/
411rand.htm). It has been applied to computer science, physics
and a number of other fields.

In the field of information retrieval, given a graph whose edges
are weighted by the probability of traversing from one node to an-
other, one critical problem is how to rank the nodes. We can sim-
ulate a random walk on the graph. When a walker traverses from
one node to another, he visits some notes more often than the oth-
ers. So we can rank the nodes according to the probabilities that
the walker will visit the nodes after the random walk. This idea
has been successfully extended in many studies (e.g. PageRank
(Brin, Page, Motwami, & Winograd, 1999), LexRank (Erkan & Radev,
2004), CollabRank (Wan & Xiao, 2008)). Our approach is also in-
spired by this idea.

We can get the following thoughts based on the ideas of Page-
Rank and HITS (Kleinberg, 1998):

(1) If a word is strongly linked with other positive (negative)
words, it tends to be positive (negative); and if a document
is strongly linked with other positive (negative) documents,
it tends to be positive (negative).

(2) If a word appears in many positive (negative) documents, it
tends to be positive (negative); and if a document contains
many positive (negative) words, it tends to be positive
(negative).

Given the data points of words and documents, there are four
kinds of relationships in our problem:

� WW-Relationship: It denotes the relationship between words,
usually computed by knowledge-based approach or corpus-
based approach.
� WD-Relationship: It denotes the relationship from words to

documents, usually computed by the relative importance of a
document to a word.

http://www.duke.edu/~rnau/411rand.htm
http://www.duke.edu/~rnau/411rand.htm
http://www.duke.edu/~rnau/411rand.htm
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� DD-Relationship: It denotes the relationship between docu-
ments, usually computed by their content similarity.
� DW-Relationship: It denotes the relationship from documents

to words, usually computed by the relative importance of a
word in a document.

Fig. 1 gives an illustration of the relationships. In this figure, the
upper plane denotes the new domain and the lower plane denotes
the old domain. In the old-domain plane, the solid ellipses denote
documents and the solid nodes in each ellipse denote the words
within the document. Since the old-domain data are labeled, we
use red and blue colors to denote the positive and negative senti-
ment respectively. In the new-domain plane, dotted ellipses de-
note documents and hollow nodes denote words.

The proposed approach could make full use of all the relation-
ships in a unified framework. The framework consists of a graph-
building phase and an iterative reinforcement phase. In the
graph-building phase, the input includes both the labeled data
from old domain and the unlabeled data from new domain. The
proposed approach builds four graphs based on these data to re-
flect the above relationships. For old-domain data, we initialize
every document and word a score (‘‘1’’ denotes positive, and
‘‘�1’’ denotes negative) to represent its degree of sentiment orien-
tation, and we call it sentiment score; for new-domain data, we set
the initial sentiment scores to 0.

In the iterative reinforcement phase, our approach iteratively
computes the sentiment scores of the words and documents based
on the graphs. When the algorithm converges, all the sentiment
words get their sentiment scores. If its sentiment score is between
0 and 1, the word should be classified as ‘‘positive’’. The closer its
sentiment score is near 1, the higher the ‘‘positive’’ degree is.
Otherwise, if its sentiment score is between 0 and �1, the word
should be classified as ‘‘negative’’. The closer its sentiment score
is near �1, the higher the ‘‘negative’’ degree is.
3.2. Sentiment-graph building

3.2.1. Symbol definition
In this paper, we have two document sets: the new-domain

documents DU = {d1, . . . ,dnd} where di is the term vector of the ith
text document and each di 2 DU (i = 1, . . . ,nd) is unlabeled; the
old-domain documents DL = {dnd+1, . . . ,dnd+md} where dj represents
Fig. 1. Illustration of the four relationships.
the term vector of the jth text document and each dj 2 DL

(j = nd+1, . . . ,nd+md) should have a label from a category set
C = {negative, positive}. We assume the old-domain dataset DL is
from the related but different domain with the new-domain data-
set DU. Also, we have two sentiment word sets: WU = {w1, . . . ,wnw}
is the word set of DU and each wi 2WU (i = 1, . . . ,nw) is unlabeled;
WL = {wnw+1, . . . ,wnw+mw} is the word set of DL and each wj 2WL

(j = nw+1, . . . ,nw+mw) has a label from C. Furthermore, we have
two sentiment dictionaries: LU is the sentiment dictionary of new
domain and each word in LU is unlabeled; LL is the sentiment dic-
tionary of old domain and each word in LL has a label from C. Our
objective is to maximize the accuracy of assigning a label in C to
wi 2WU (i = 1, . . . ,nw) utilizing the old-domain data DL and WL in
another domain.

The proposed algorithm is based on the following
presumptions:

(1) WL \WU – U.
(2) The labels of documents appear both in old domain and new

domain should be the same.

In this section, we build four graphs to reflect four relationships,
and the meanings of symbols are shown in Table 1. In this table,
the first column denotes the name of the relationship; the second
column denotes the similarity matrix to reflect the corresponding
relationship; in consideration of convergence, we normalize the
similarity matrix, and the normalized form is listed in the third col-
umn; in order to compute sentiment scores, we find the neighbors
of a document or a word and the neighbor matrix is listed in the
fourth column.

3.2.2. Document-and-word Graph
We build a weighted bipartite graph between documents and

words in the following way: each node in the graph corresponds
to a document in DU and DL or a word in WU and WL; if word wj

does not appear in document di, there is no edge between the
two nodes; otherwise, we create an edge between di and wj. The
edge weight wei(di,wj) is proportional to the importance of word
wj in document di, computed as follows:

weiðdi;wjÞ ¼
tfwj
� idfwjP

w2di

tfw � idfw
ð1Þ

where w represents a unique word in di and tfw, idfw are respectively
the term frequency in the document and the inverse document
frequency.

In our approach, we need the relationship between DU and WU

orWL, and the relationship between WU and DU or DL.
We use an adjacency matrix M to denote the similarity matrix

between DU and WU orWL, whose first nw columns denote the
similarity matrix between DU and WU, and last mw columns denote
the similarity matrix between DU and WL. Each entry of M =
[Mij]ndx(nw+mw) is corresponding to wei(di,wj).

In consideration of convergence, we normalize M to bM by mak-
ing the sum of each row equal to 1:
Table 1
Symbol definition.

Relationship Similarity matrix Normalized form Neighbor matrix

DW M = [Mij]ndx(nw+mw) bM Mn = [Mnij]nd�2K

WD N = [Nij]nwx(nd+md) bN Nn = [Nnij]nw�2K

DD U = [Uij]ndx(nd+md) bU Un = [Unij]nd�2K

WW V = [Vij]nwx(nw+mw) bV Vn = [Vnij]nw�2K
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bMij ¼
Mij=

Pnwþmw

j¼1
Mij; if

Pnwþmw

j¼1
Mij–0;

0; otherwise:

8><>: ð2Þ

In order to find the neighbors (in another word, the nearest docu-
ments or words) of a document from bothWU and WL, we sort the
similarity matrix between DU and WU and the similarity matrix be-
tween DU and WL in descending order separately, in order to get eM .
That is, we firstly sort every row of bMij ðj ¼ 1; . . . ;nwÞ in descending
order and secondly sort every row of bMij ðj ¼ nwþ 1; . . . ;nwþmwÞ
in descending order.

Then for di 2 DUði ¼ 1; . . . ;ndÞ; eMijðj ¼ 1; . . . ;KÞ corresponds to K
neighbors in WU, and eMijðj ¼ K þ 1; . . . ;2KÞ corresponds to K neigh-
bors in WL. We use a matrix Mn = [Mnij]nd�2K to denote the neigh-
bors of DU in WU and WL.

Similarly, we use an adjacency matrix N = [Nij]nwx(nd+md) to de-
note the similarity matrix between WU and DU or DL, whose first
nd columns denote the similarity matrix between WU and DU,
and last md columns denote the similarity matrix between WU

and DL. Each entry Nij is corresponding to wei(dj,wi). We normalize
N to bN to make the sum of each row equal to 1. Then we separately
sort every row of bNijðj ¼ 1; . . . ;ndÞ in descending order and every
row of bNij (j = nd + 1, . . . ,nd + md) in descending order, to get eN . Fi-
nally, we use a matrix Nn = [Nnij]nw�2K to denote the neighbors of
WU in DU and DL.

3.2.3. Document-and-document graph
We build an undirected graph whose nodes denote documents

in both DL and DU and edges denote the content similarities be-
tween documents. If the content similarity between two docu-
ments is 0, there is no edge between the two nodes. Otherwise,
there is an edge between the two nodes whose weight is the con-
tent similarity.

The content similarity between two documents is computed
with the cosine measure. We use an adjacency matrix U to denote
the similarity matrix, whose first nd columns denote the similarity
matrix between DU and DU, and last md columns denote the simi-
larity matrix between DU and DL. U = [Uij]ndx(nd+md) is defined as
follows:

Uij ¼
di �dj

kdik�kdjk
; i–j;

0; i ¼ j:

(
ð3Þ

The weight associated with word w is computed with tfw idfw where
tfw is the frequency of word w in the document and idfw is the in-
verse document frequency of word w, i.e. 1 + log(N/nw), where N
is the total number of documents and nw is the number of docu-
ments containing word w in a data set.

We normalize U to bU to make the sum of each row equal to 1.
Then we separately sort every row of bUij (j = 1, . . . ,nd) in descend-
ing order and every row of bUijðj ¼ ndþ 1; . . . ;ndþmdÞ in descend-
ing order, to get eU . Finally, we use a matrix Un = [Unij]nd�2K to
denote the neighbors of DU in DU and DL.

3.2.4. Word-and-word graph
Similar to the Document-and-Document Graph, we build an

undirected graph to reflect the relationship between words in WL

and WU, in which each node corresponds to a word and the edge
weight between any different words corresponds to their semantic
similarity.

We compute the semantic similarity using corpus-based ap-
proach which computes the similarity between words utilizing
information from large corpora. There are many measures to iden-
tify word semantic similarity, such as mutual information (Klein-
berg, 1998), latent semantic analysis (Turney, 2001) etc. In this
study, we compute word semantic similarity based on the sliding
window measure, that is, two words are semantically similar if
they co-occur at least once within a window of maximum Kwin

words, where Kwin is the window size. We use an adjacency matrix
V to denote the similarity matrix, whose first nw columns denote
the similarity matrix between WU and WU, and last mw columns
denote the similarity matrix between WU and WL. V = [Vij]nwx(nw+mw)

is defined as follows:

Vij ¼
log Nw�pðwi ;wjÞ

pðwiÞ�pðwjÞ
; if wi–wj and i–j;

0; otherwise:

(
ð4Þ

where Nw is the total number of words in DU; p(wi,wj) is the proba-
bility of the co-occurrence of wi and wj within a window, i.e.
num(wi,wj)/Nw, where num(wi,wj) is the number of the times wi

and wj co-occur within the window; p(wi) and p(wj) are the probabil-
ities of the occurrences of wi and wj respectively, i.e. num(wi)/Nw

and num(wj)/Nw, where num(wi) and num(wj) are the numbers of
the times wi and wj occur. We normalize V to bV to make the sum
of each row equal to 1. Then we separately sort every row of bV ij

(j = 1, . . . ,nw) in descending order and every row of bV ij (j =
nw + 1, . . . ,nw + mw) in descending order, to get eV . Finally, we use
a matrix Vn = [Vnij]nw�2K to denote the neighbors of WU in WU and
WL.

3.3. Proposed method

Based on the two thoughts introduced in Section 3.2, we fuse
the four relationships abstracted from the three graphs together
to iteratively reinforce sentiment scores, and we can obtain the
iterative equation as follows:

dsi ¼ c�
X

g2Uni�

ðbUig � dsgÞ þ ð1� cÞ �
X

l2Mni�

ð bMil �wslÞ ð5Þ

wsj ¼ c�
X

g2Nnj�

ðbNjg � dsgÞ þ ð1� cÞ �
X
l2Vnj�

ðbV jl �wslÞ ð6Þ

where i� means the ith row of a matrix;Ds ={ds1, . . . ,dsnd,dsnd+1, . . . ,
dsnd+md} represents the sentiment scores of DU and DL; Ws =
{ws1, . . . ,wsnw,wsnw+1, . . . ,wsnw+mw} represents the sentiment scores
of WU and WL;c controls the relative contributions to the final sen-
timent scores from document sets and word sets.

The matrix form is

Ds ¼ c� bUDsþ ð1� cÞ � bMWs; ð7Þ
Ws ¼ c� bNDsþ ð1� cÞ � bV Ws: ð8Þ

In consideration of the convergence, Dsand Ws are normalized sep-
arately after each iteration as follows to make the sum of positive
scores equal to 1, and the sum of negative scores equal to �1:

dsi ¼

dsi=
P

j2DU
neg

ð�dsjÞ; if dsi < 0;

dsi=
P

j2DU
pos

dsj; if dsi > 0;

8>><>>: ð9Þ

wsj ¼

wsj=
P

i2WU
neg

ð�wsiÞ; if wsj < 0;

wsj=
P

i2WU
pos

wsi; if wsj > 0;

8>><>>: ð10Þ

where DU
neg andDU

pos denote the negative and positive document set
of DU respectively; WU

neg and WU
pos denote the negative and positive

word set of WU respectively.
Here is the complete algorithm:

1. Initialize the sentiment score vector dsi of di 2 DL (i = nd + 1, . . . ,
nd + md) with 1 when di is labeled ‘‘positive’’, and with�1 when
di is labeled ‘‘negative’’, and initialize the sentiment score vector



Table 2
Data sets composition.

Data set Neg Pos Length

Elec 554 1054 121
Stock 683 364 460
Hotel 2000 2000 181
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wsi of wi 2WL (i = nw + 1, . . . ,nw + mw) with 1 when wi is
labeled ‘‘positive’’, and with �1 when wi is labeled ‘‘negative’’.
And we normalize dsi (i = nd + 1, . . . , nd + md) (wsi

(i = nw + 1, . . . ,nw + mw)) to make the sum of positive scores
of DL(WL) equal to 1, and the sum of negative scores of DL(WL)
equal to �1. Also, the initial sentiment scores of DU and WU

are set to 0.
2. Alternate the following two steps until convergence:

2.1 Compute and normalize dsi (i = 1, . . . , nd):
1 http
2 http
3 http
dsðkÞi ¼ c�
X

g2Uni�

ðbUig � dsðk�1Þ
g Þ þ ð1� cÞ �

X
l2Mni�

ð bMil �wsðk�1Þ
l Þ;

dsðkÞi ¼

dsðkÞi =
P

j2DU
neg

ð�dsðkÞj Þ; if dsðkÞi < 0;

dsðkÞi =
P

j2DU
pos

dsðkÞj ; if dsðkÞi > 0:

8>>><>>>:

2.2 Compute and normalize wsj (j = 1, . . . ,nw):
wsðkÞj ¼ c�
X

g2Nnj�

ðbNjg � dsðk�1Þ
g Þ þ ð1� cÞ �

X
l2Vnj�

ðbV jl �wsðk�1Þ
l Þ;

wsðkÞj ¼

wsðkÞj =
P

i2WU
neg

ð�wsðkÞi Þ; if wsðkÞj < 0;

wsðkÞj =
P

i2WU
pos

wsðkÞi ; if wsðkÞj > 0;

8>>><>>>:
Table 3
Sentiment word sets composition.

Data set Vocabulary INW DNW IPW DPW
where dsðkÞi and wsðkÞj denote the dsi and wsj at the kth iteration.
3. According to dsi 2 Ds(i = 1, . . . ,nd), assign each di 2 DU (i =

1, . . . ,nd) a label. If dsi falls in the range [�1,0], assign di the label
‘‘negative’’; if dsi falls in the range [0,1], assign di the label
‘‘positive’’.

4. Experiments

In this section, we evaluate our approach on three different do-
mains and compare it with some state-of-the-art algorithms, and
also evaluate the approach’s sensitivity to its parameters.

4.1. Data preparation

We use three Chinese domain-specific data sets, which are:
Electronics Reviews1 (Elec, from http://detail.zol.com.cn/), Stock Re-
views2 (Stock, from http://blog.sohu.com/stock/) and Hotel Reviews3

(Hotel, from http://www.ctrip.com/). All of these reviews are manu-
ally labeled as ‘‘negative’’ or ‘‘positive’’.

The detailed information of the data sets is shown in Table 2,
which shows the name of the data set (Data Set), the number of
negative reviews (Neg), the number of positive reviews (Pos), the
average length of reviews (Length), the number of different words
(Vocabulary) in this data set.

We use ICTCLAS (http://ictclas.org/), a Chinese text POS tool, to
segment these Chinese reviews. Then, utilizing the part-of-speech
tagging function provided by ICTCLAS, we take all adjectives, ad-
verbs and adjective-noun phrases as candidate sentiment words.
After removing the repeated words and ambiguous words, we
get a list of words in each domain.

For the list of words in each domain, we manually label every
word as ‘‘negative’’, ‘‘positive’’ or ‘‘neutral’’, and we take those
‘‘negative’’ and ‘‘positive’’ words as a sentiment word set.
://www.searchforum.org.cn/tansongbo/corpus/Elec-IV.rar.
://www.searchforum.org.cn/tansongbo/corpus/Sto-IV.rar.
://www.searchforum.org.cn/tansongbo/corpus/Htl-IV.rar.
Note that we use the sentiment word set only for source do-
main, while using the candidate sentiment words for target
domain.

Lastly, the documents are represented by vector space model. In
this model, each document is converted into bag-of-words presen-
tation in the remaining term space. We compute term weight with
the frequency of the term in the document.

We choose one of the three data sets as source-domain data DL,
and its corresponding sentiment word set as WL; we choose an-
other data set as target-domain data DU, and its corresponding can-
didate sentiment words as WU.

Table 3 presents the detailed information of sentiment word set
of every data set. It shows the name of the data set that sentiment
word set belongs to (Data Set), the number of different words
(Vocabulary), the number of domain-independent negative words
(INW), the number of domain-dependent negative words (DNW),
the number of domain-independent positive words (IPW), the
number of domain-dependent positive words (DPW).

We choose one of the three data sets as old-domain data DL, and
its corresponding word set as WL; we choose another data set as
new-domain data DU, and its corresponding word set as WU.

4.2. Baseline methods

In this paper we compare our approach with the following base-
line methods which take into account only the relationship be-
tween words, ignoring the other relationships:

PMI: This is a corpus-based method to infer word semantic ori-
entation (Turney & Littman, 2003). This method takes some
labeled sentiment words as paradigm words to infer the seman-
tic orientations of unlabelled words. In detail, we use the com-
mon part (sentiment words) of old-domain data and new-
domain data as the paradigm words of the PMI method.
SM + SO: This is an improved PMI method, and we set up the
experimental environment as the default configurations as
Gamon and Aue (2005).
LE: This method applies a lexicon extension algorithm (Kanay-
ama & Nasukawa, 2006). This method is an unsupervised
method, so we take the common part (sentiment words)
between old-domain data and new-domain data as the original
lexicon, and set up the experimental environment as the default
configurations as Kanayama and Nasukawa (2006).

4.3. Overall performance

In this section, we compare proposed approach with the three
baseline methods. There are three parameters in our algorithm,
K, Kwin, and c. We set K to 80, Kwin to 10, and c to 0.5 respectively.
Elec 6200 242 90 298 124
Stock 13,012 567 112 343 89
Hotel 11,336 199 59 253 93

http://detail.zol.com.cn/
http://blog.sohu.com/stock/
http://www.ctrip.com/
http://ictclas.org/
http://www.searchforum.org.cn/tansongbo/corpus/Elec-IV.rar
http://www.searchforum.org.cn/tansongbo/corpus/Sto-IV.rar
http://www.searchforum.org.cn/tansongbo/corpus/Htl-IV.rar
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It is thought that the algorithm achieves the convergence when the
changing between the sentiment score wui computed at two suc-
cessive iterations for any wi 2WU (i = 1, . . . ,nw) falls below a given
threshold, and we set the threshold 0.00001 in this work. These
parameters will be studied in parameters sensitivity section.

Tables 4 and 5 show the accuracy comparison between the
three baselines and the proposed method on six tasks for do-
main-independent words and domain-dependent words.

As we can compare between the two tables, all approaches on
domain-independent tasks outperform those on domain-depen-
dent tasks. This indicates that constructing domain-oriented senti-
ment lexicon is more difficult than constructing domain-
independent sentiment lexicon.

Also, Tables 4 and 5 show that PMI performs so poorly that it
seems not in accord with the conclusion in Turney (2001). This is
because PMI is affected by the corpus size very much. The experi-
mental results provided by Turney (2001) are obtained by making
use of search engine, and taking the whole Internet as the corpus.
However, the corpus in our experiment is relatively small, which
may bring much noise and make the co-occurrence information
sparse. So this may lead to the poor performance of PMI. Neverthe-
less, the two tables show our approach performs well on relatively
small-scaled corpus. Therefore, this result convinces us of the
robustness of proposed algorithm.

Seen from Table 5, our algorithm produces much better perfor-
mance than the baselines on almost all the six tasks. The greatest
increase of accuracy is achieved by about 29% on the task ‘‘Elec->
Stock’’ compared to PMI. The average accuracy is also higher than
all the baselines, and the greatest increase is achieved by about
11.5% compared to PMI. The great improvement compared with
the baselines indicates that our approach performs very effectively.

4.4. Parameters sensitivity

In this section, we conduct experiments to show that our algo-
rithm is not sensitive to these parameters.

When we evaluate the parameter K, we set Kwin to 10, and c to
0.5. And we change K from 10 to 100, an increase of 10 each. We
experiment the sensitivity of K on six tasks as mentioned in Section
4.4. And the results are shown in Fig. 2. It shows that our algorithm
Table 4
Accuracy of domain-independent sentiment word classification.

Baselines Proposed method

PMI SM + SO LE

Elec ? Stock 0.6971 0.6834 0.7132 0.8996
Elec ? Hotel 0.7661 0.7752 0.8073 0.8139
Stock ? Hotel 0.6791 0.7119 0.8181 0.8214
Stock ? Elec 0.7054 0.7331 0.8132 0.7586
Hotel ? Stock 0.8538 0.8799 0.8670 0.8991
Hotel ? Elec 0.7412 0.7672 0.8339 0.7859

Average 0.7405 0.7585 0.8088 0.8298

Table 5
Accuracy of domain-dependent sentiment word classification.

Baselines Proposed method

PMI SM + SO LE

Elec ? Stock 0.5783 0.6059 0.6311 0.8686
Elec ? Hotel 0.6842 0.7349 0.7326 0.7983
Stock ? Hotel 0.6875 0.7123 0.7358 0.7821
Stock ? Elec 0.7064 0.7330 0.7343 0.7526
Hotel ? Stock 0.7371 0.7642 0.7813 0.8543
Hotel ? Elec 0.7208 0.7542 0.7634 0.7435

Average 0.6857 0.7174 0.7298 0.7999
is not very sensitive to K as long as K is large enough. We find the
curves of these six examples rise gradually when K increases from
10 to 40, and the curves become stable after K arrives at 50. So we
set K as 80 in our overall-performance experiment.

When we evaluate the parameter Kwin, we set K to 80, and c to
0.5. And we change Kwin from 5 to 50, an increase of 5 each. We also
experiment the sensitivity of Kwin on six tasks as mentioned in Sec-
tion 4.4. And the results are shown in Fig. 3. We find the curves of
these six examples are almost stable when Kwin increases from 5 to
50. It shows that our algorithm is not very sensitive to Kwin, and so
we set Kwin to 10 in our overall-performance experiment.

To investigate the sensitivity of proposed method involved with
the parameter c, we set K to 80, and Kwin to 10. And we change c
from 0 to 1, an increase of 0.1 each. We also evaluate c on the
six tasks mentioned above, and the results are shown in Fig. 5.

We can observe from Fig. 5 that the accuracy first increases and
then decreases when c is increased from 0 to 1. It is easy to explain
this phenomenon. When c is set to 0, this indicates our algorithm
only uses word sets to aid classification, without the information of
document sets. And if c is set to 1, our algorithm only uses docu-
ment sets to calculate sentiment score, without the help of word
sets. Both cases above don’t use all information of four relation-
ships, so their accuracies are worse than to equal the contributions
of both document and word sets. That is to say, both the words and
the documents play an important role in the automatic construc-
tion of domain-oriented sentiment lexicon. Furthermore, this
Fig. 3. Accuracy for different window size.
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Fig. 5. Performance for iteration.
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experiment shows that the proposed algorithm is not sensitive to
the parameter c when c is from 0.4 to 0.7. We set c to 0.5 in our
overall-performance experiment.

4.5. Convergence

Our algorithm is an iterative process that will converge to a lo-
cal optimum. We evaluate its convergence on the six tasks men-
tioned above. Fig. 6 shows the change of accuracy with respect to
the number of iterations. We can observe from Fig. 6 that the curve
rises sharply during the first 6 iterations, and it is very stable after
10 iterations are performed. This experiment indicates that our
algorithm could converge very quickly to get a local optimum.

5. Conclusions

In this paper, we propose a novel approach to construct do-
main-oriented sentiment lexicon, which is based on random walk
model by utilizing all the relationships among documents and
words from both old domain and new domain.

We conduct experiments on three domain-specific sentiment
data sets. The experimental results show that the proposed ap-
proach could dramatically improve the accuracy of identifying
the polarities of sentiment words. In the same time, the experi-
mental results indicate that no matter where the knowledge is
from, i.e., the words or the documents, the old domain or the
new domain, they all play an important role in the automatic con-
struction of domain-oriented sentiment lexicon.

To investigate the parameter sensitivity, we conduct experi-
ments on the same data sets. It is observed that our approach is
not sensitive to its four parameters, and could converge very
quickly to get a local optimum.

In this study, we employ only cosine measure, sliding window
measure and vector measure to measure the relationships. In order
to improve the performance of our approach, we will try other
methods to calculate the similarity in the future. Furthermore,
we experiment our approach on relatively small-scaled corpus,
and we will apply our approach to bigger scaled corpus.
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